Daily reference evapotranspiration (ET 0 ), as a dependent variable, was estimated for two weather stations in South Korea, using 8 years (1985)(1986)(1987)(1988)(1989)(1990)(1991)(1992) of measurements of independent variables of air temperature, sunshine hours, wind speed and relative humidity. The model uses the adaptive neurofuzzy inference system (ANFIS) and artificial neural networks (ANNs) for estimating daily ET 0 . In the first part of the study, the applied models were trained, tested and validated using various combinations of the recorded independent variables, which corresponded to the HargreavesSamani, Priestly-Taylor and FAO56-PM equations. The goodness of fit for the models was evaluated in terms of the coefficient of determination (R 2 ), root mean square error (RMSE), mean absolute error (MAE) and Nash-Sutcliffe coefficient (NS). In the second part of the study, the estimated solar radiation data were applied as input parameters (for the same input combinations, as the first part), instead of recorded sunshine values. The results indicated that the both applied ANFIS and ANN models performed quite well in ET processes from the available climatic data. The results also showed that the application of estimated solar radiation data instead of the recorded sunshine values decreases the models' accuracy. 
calibration, and (ii) it has been validated using lysimeters under a wide range of climatic conditions. On the other hand, the need for a large number of climatic variables (e.g. air temperature, relative humidity, solar radiation and wind speed) is a major disadvantage of the FAO56-PM equation.
In recent years, the application of artificial intelligence (AI) in water resources engineering has become viable. In this context, the application of artificial neural networks (ANNs) and adaptive neuro-fuzzy inference systems (ANFIS) is widening, leading to the publication of numerous research papers. The review of all the papers regarding the application of these techniques is beyond the scope of the present paper and we shall review only some of the most relevant studies. Odhiambo et al. 
MATERIALS AND METHODS

Used data
The daily climatic data of two weather stations, Gwangju and Haenam in South Korea, were used in the present study. The locations of the both stations are shown in the first 4 years of data (50% of whole data) were applied for training the models, 2 years for testing and the remaining division in two parts. First, one can obtain models' parameters by using training data and then choose the optimal model according to their testing performances.
Finally, the evaluation and comparison of the optimal models can be achieved by using different data (validation) sets which are not used for model development stages (training and testing). The description of the studied weather stations as well as the mean weather data are presented in Table 1 . Figure 2 displays the time series of the ET 0 values for the both stations during the study period.
ET 0 equations
FAO56-PM equation
The Penman-Monteith equation modified by Allen et al.
() reads: where ET 0 ¼ reference evapotranspiration (mm/day), Δ ¼ slope of the saturation vapor pressure function (kPa/ o C), 
Hargreaves-Samani equation
The Hargreaves model (Hargreaves & Samani ) can be expressed as follows:
where
Priestly-Taylor equation
The Priestley & Taylor () equation for computing ET 0 value is:
where ET 0 ¼ reference evapotranspiration (mm/day), α ¼ 
Adaptive neuro-fuzzy inference system (ANFIS)
An ANFIS is a combination of an ANN and a fuzzy inference system. The parameters of the fuzzy inference system are determined by the NN learning algorithms. Since this system is based on the fuzzy inference system, reflecting amazing knowledge, an important aspect is that the system should be always interpretable in terms of fuzzy IF-THEN rules. ANFIS is capable of approximating any real continuous function on a compact set of parameters to any degree of accuracy (Jang et al. ) . ANFIS identifies a set of parameters through a hybrid learning rule combining back As a simple example, assume a fuzzy inference system having two inputs x and y and one output f. The first-order
Sugeno fuzzy model, a typical rule set with two fuzzy IF-THEN rules can be given as:
Rule 2: If x is A 2 and y is B 2 , then
where A 1 , A 2 and B 1 , B 2 are the MFs for inputs x and y, respectively, p 1 , q 1 , r 1 and p 2 , q 2 , r 2 are the parameters of the output function. Here the output f is the weighted average of the individual rule outputs and is itself a crisp value.
The corresponding equivalent ANFIS architecture is represented in Figure 3 . Detailed information for ANFIS can be found in Jang ().
Artificial neural networks (ANNs)
ANNs are basically parallel information-processing systems.
The internal architecture of ANNs is similar to the structure 
Goodness of fit of model performance
Four statistical evaluation criteria were used to assess the models' performances: the correlation coefficient (R 2 ):
The Pearson correlation coefficient (R) term and the coefficient of determination (R 2 ) provide information for linear dependence between observations and corresponding estimates and should not be applied alone as performance indicators, as has been discussed by Legates & McCabe () . Therefore, other statistical measures such as mean absolute error, MAE (which is a linear scouring rule and describes only the average magnitude of the errors, ignoring their direction) and root mean square error, RMSE (which describes the average magnitude of the errors by giving more weight on large errors) should be applied to evaluate the models' performance. Also the Nash-Sutcliffe coefficient (NS) can provide good insight about the applied model. The optimal value of NS is 1, representing the perfect fit. The mentioned scours can be defined as:
where ET M and ET 0 denote the values generated by different models and FAO56-PM ET 0 equation, respectively. Also mean ET 0 and mean ET M represent the mean ET values, estimated by FAO56-PM and applied models, respectively.
RESULTS AND DISCUSSION
The applied models, namely ANFIS, ANNs and empirical models, were implemented using the recorded weather data at Gwangju and Haenam stations in South Korea.
The study examined various combinations of these data (as inputs for ANFIS and ANN models) to evaluate the degree of the effect of each of these variables on ET as well as inter-comparison of the obtained results. Also, two empirical models, namely Hargreaves-Samani and Priestly-Taylor (which will be also referred to as HS and PT models in short, respectively), were considered for comparison with data-driven approaches in the study. It is relevant to note that the present study consisted of examining two approaches: approach 1 in which various combinations of T A , S, W S and R H were applied as inputs for ANFIS and ANN models; approach 2 in which the results produced by using the same input combinations as part 1, but by applying estimated solar radiation (R S ) values, instead of sunshine hours (S).
According to Allen et al. () , in the case of the absence of recorded solar radiation data, one may estimate R S values by using the temperature difference method, as follows:
where R a is the extraterrestrial radiation (MJ/m 2 /d), T max and T min are maximum and minimum air temperatures In the first part of the study (i.e. approach 1), various ANFIS and ANN models were developed using the recorded weather parameters. In this way, the evaluated input combinations were:
(ii) T A and S (ANFIS2, ANN2);
(iii) T A , S, W S and R H (ANFIS3, ANN3).
It is noted that the aforementioned input combinations The weather data applied for training the ANFIS and ANN models (the period from 1985 to 1988) were applied for calibrating the HS and PT equations. The foregoing sections will discuss the models' differences precisely.
Implementation of ANFIS and ANN models
Model testing
The ET 0 values were calculated by the calibrated and uncalibrated equations for the testing period (1989) (1990) and the obtained results were compared to the results obtained by the standard FAO56-PM model as reference equation. The error statistics of the ET 0 equations during the test period are given in Table 2 . The testing results of the ANFIS and ANN models are represented in Table 5 for both stations. In the case of application of sunshine hour data as one of the models' inputs, the quadruple input ANFIS model (corresponded to the FAO56-PM In the second part of the study, the computed solar radiation (R S ) data were applied instead of the sunshine hour data to estimate ET values. Therefore the doubleand quadruple-input ANFIS and ANN models were reconstructed and tested in both stations. The statistical performances of these models during the test period are given in the lower part of Table 5 . It can be seen from Table 5 demonstrated that the application of sunshine hour data as input variables for ANFIS and ANN models gives better results than those produced by the models with application of estimated R S data.
Model validation
Similar to the models' testing procedure, the ET 0 equations which have been calibrated by using the weather data from training period were validated by using the weather data from the period 1991-1992. The lower part of Table 2 represents the statistical analysis of the validation period for ET 0 equations.
In order to demonstrate the model capabilities for estimating daily reference ET using daily recorded (and estimated) weather data, the present discussion will deal with the validation process of the optimal models. As mentioned in the earlier section, the period from 1991 to 1992 has been reserved for validation purposes, so the same statistical measures as those used for the training and testing period will be applied here to also show the feasibility and accuracy of employed ANFIS and ANN models in the reference ET estimation. In this way, the double-and quadruple-input ANFIS and ANN models will be compared through the statistical measures. Table 6 presents a summary of the accuracy.
